Abstract. The performance and characteristics of FY-3C MWHTS in orbit are presented in this paper. Then it uses surface and profile reanalysis non-rainy data from NCEP and ECMWF in Qinghai-Tibet Plateau from Jan, 2014 to May, 2015 and takes advantage of MonoRTM model to simulate brightness temperatures according to the MWHTS channel assignment, and validate by MWHTS measured data. Furthermore, a temperature and humidity retrieving mode is established to retrieve global atmospheric profiles and verified by two WMO stations located in mainland and over ocean. Finally, it utilizes FY-3C MWHTS brightness temperature data observed in orbit from JAN to DEC of 2014 to realize and analyze the space-time distribution of atmospheric temperature and humidity profiles on the Qinghai-Tibetan Plateau, especially for them in different pressure level in Oct, 2014.
Introduction
The Qinghai-Tibet Plateau is located in the western of China (25-40 degrees north latitude, 75-105 degrees east longitude). It is a sensitive area in the global climate system, which can correspondingly respond to the change of global climate [1, 2] . At present, with only a few numbers of ground-based observation stations and also the lack of the detecting data, the study of climate change as well as the accuracy of short-term meteorological forecast in Qinghai-Tibet Plateau has been limited, which causes adverse effects on study for the global climate change.
The FY-3C polar-orbit meteorological satellite launched at 11:07on September 23, 2013 is the third satellite of the second generation polar-orbit satellite. The new generation of microwave humidity and temperature sounder (MWHTS) onboard FY-3C satellite has worked since September 30, 2013. MWHTS is a fifteen-channel millimeter wave radiometer, including 118GHz oxygen absorption line and 183GHz water vapor absorption line. The 118GHz is applied for the first time as a space borne detection frequency in the international countries. The 118GHz is designed to observe temperature profiles and can achieve the data of atmospheric water vapor combining channels at 183.31GHz. The 89GHz and 150GHz channels of the MWHTS in atmospheric transparent window are also designed to observe the data of the rain and cirrus, And they can also increase the capacity of obtaining the humidity profiles of other channels [3, 4] .
Data Collection and Processing
The MWHTS on board the FY-3C has better capability to detect atmospheric information compared with MWHS. It adds the 89GHz and 118.75GHz on the basis of the 150GHz and 183.31GHz. Especially, MWHTS adds 8 oxygen absorption channel sat 118.75GHz that is designed for the polar-orbit for the first time internationally to obtain the temperature distribution of different height of the atmosphere. And, the 150GHzdual polarization has been changed to the vertical polarization. The number of 183.31GHz center frequency channels has been added to five from the original three. The 183.31GHz is in the water vapor absorption band and has been used to obtain different levels of the atmospheric humidity distribution. In addition, 150GHz and 89GHz are also used to detect cloud water content, heavy rainfall, cirrus and other atmospheric parameters. Based on NCEP global 6-hour reanalysis data and WRF model, the profile and surface data of FY-3C that is consistent in the time and space with the NCEP are generated [6] .
First, download the NCEP 6 hours reanalysis data and drive WRF model [7] . Second, get the required data by the three-layer nesting, the first layer for the Chinese region, the second layer for the northwest of China, the third layer for the Qinghai-Tibet region(25~40 degrees north latitude, 75~105 degrees east longitude). And then complete the high resolution numerical simulation of The Qinghai Tibet Plateau and its surrounding areas with non-hydrostatic mesoscale model WRFv3.5. Finally, select the simulation area with the time threshold for 15 minutes before and after the satellite transit. The MWHTS spatial resolution is about 15 km × 15 km, converted to latitude and longitude about 0.15° × 0.15°. Considering the resolution and the impact of the cloud, we can realize the brightness temperature interpolation of the simulation area by removing the singular point of brightness temperature. 
Retrieval Process and Algorithm
The retrieve flow chart of the atmospheric temperature and humidity profile is shown in Fig.2 . Firstly, brightness temperature of each channel in FY-3C MWHTS is simulated by using MONORTM radiative transfer model with high spatial and temporal resolution data generated by WRF, ECMWF reanalysis data or historical sounding data [8] . Secondly, based on the above data, the atmospheric temperature and humidity profile retrieval model is established, and the reliability verification and performance evaluation are accomplished by using independent samples. Then, using the 2014-2015 brightness temperature data by FY-3CMWHTS retrieves the atmospheric temperature and humidity profile of satellite transit area [9] .
Artificial Neural Network Algorithm and the Improvement
Since the mid-1990s, the back-propagation (BP) artificial neural network (ANN) has been used widely in the atmospheric microwave remote sensing, especially has been applied to retrieve temperature and humidity profiles. BP-ANN is essentially a nonlinear statistical regression algorithm between the retrievals and the observed value. The structure of the ANN is shown in Figure 2 [10] [11] [12] . For the jth node in the hidden layer, it can be expressed as
Where S denotes the sigmoid function
wij is the weighting of the connection between the jth hidden neuron and the ith input neuron, and bj denotes the bias in the jth neuron of the hidden layer. Hidden neuron and output neuron use purelin function, kth output neuron can be expressed as： The algorithm iteratively corrects the weight and deviation to reduce the difference between the actual training output vector and the estimated output vector, namely convergence. Although the neural network algorithm needs long time repeated training in the training process, but the network training is completed and the network weights and biases will be determined. In the next retrieval calculation, just simply call the weight matrix and bias and the operation speed is also fast and stable. However, the quality of training sample data is required very high.
Mexico Hat Wavelet Function Neural Network Algorithm
In order to overcome the disadvantage of slow convergence speed and easy to fall into local minimum, neural network algorithm based on wavelet function is adopted in this paper [11] 。
The reason for the activation function using Mexico hat wavelet function is that the sigmoid function commonly used is not strictly a basis function. And the ability of approximation is less than the real basis function as well as the training accuracy. The wavelet function is the orthogonal basis function, which guarantees the uniqueness of the approximation function. And the wavelet function has the property of approaching the mutation function step by step.
The Mexico hat function is the second derivative of Gauss function, it can be expressed as: The wavelet transform can analyze the muti-scale signal by scale scaling and translation, and extract the local information of effective signal. The neural network has the characteristics of self-learning, self-adaptive and fault tolerance. Wavelet neural network inherits the advantages of both, and can adaptively adjust the shape of wavelet to realize wavelet transform by training. Also, it has good function approximation ability and pattern classification ability.
With the use of the neural network inversion model, we can satisfy the requirements of the retrieval model by choosing the brightness temperature measurements and related atmospheric information, and then get the atmospheric temperature and humidity information through the training and testing data.
Performance Analysis and Verification
According to the algorithm described in the previous section, 1 levels of brightness temperature data using FY-3C MWHTS 2014-2015 measured is used to retrieve of clear sky. Then compare this data with radiosonde profiles over the southern area of Beijing WMO station 54511 (116.28oE 39.93oN), and also compare with the temperature and humidity profiles over the WMO station 91376 (171.38oE,7.08oN) to acquire the comparative analysis and performance evaluation. Mean square error is an important criterion to measure the superiority of the algorithm, its expression is: refers to the sounding data and the relative humidity retrieval value, i denotes the parameter values of different heights, N is the total sample number of inversion. Mean square error analysis of atmospheric relative humidity and atmospheric water vapor density was carried out. The mean square error of atmospheric temperature profile is 0.92K, and the relative humidity profile is 18.9%. The performance evaluation shows that the proposed atmospheric parameter inverting process based on the improved neural network algorithm is reliable and can be used to analyze atmospheric conditions and study the global or regional climate. (a) ECMWF reanalysis surface temperature distribution over the Tibetan plateau at 0h （b）Retrieval surface atmospheric temperature distribution over the Tibetan Plateau at 0h using FY-3C MWHTS data (a) ECMWF reanalysis surface humidity distribution over the Tibetan plateau at 0h (b) Retrievals of surface atmospheric humidity distribution over the Tibetan Plateau at 0h using FY-3C MWHTS data As shown in Figure 4 and Figure 5 , the climate in the Tibetan Plateau varies greatly with the regional variation due to the complexity and variability of its topography. Therefore, the atmospheric temperature of the Tibetan Plateau has certain regularity, rarely appearing inversion layer, while the relative humidity is greater and no regularity. There is an approximate constant humidity layer below 550mba and could layer on the top of 550mba clouds. And after it, relative humidity decreases, which is the main factor that the lacking regional meteorological data affects the weather prediction accuracy and climate studies.
We will achieve the atmospheric temperature and humidity profiles of Qinghai -Tibet Plateau through the analysis of measured brightness temperature of the FY-3C MWHTS in the future. And, then, we will combine the GNOS onboard different satellites to analysis distribution of atmospheric temperature and humidity profiles of satellite transit time at different pressure layers.
Conclusion
The performance index and orbit characteristics of the FY-3CMWHTS are analyzed. With the use of ECMWF global reanalysis data of non-rain samples in January 2013 to December 2014, MWHTS channel brightness temperature is simulated by using the MonoRTM model, and compared the results with MWHTS observed data. Based on the improved neural network algorithm, the retrieval model of atmospheric temperature and humidity profiles is established, and the reliability verification and performance evaluation are carried out by using the 54511 and 91736 stations defined by the meteorological satellite organization. Finally, with the use of FY-3CMWHTS observed brightness temperature data in May 2014-2015, the retrieve of atmospheric temperature and humidity profiles of the Qinghai Tibet Plateau is obtained. The temporal and spatial distribution of Tibetan Plateau atmospheric temperature and humidity is also realized. Focusing on the analysis of the atmospheric temperature and humidity profiles of the pressure distribution in different layer sat 12h on the October 2014, it generates continuous data of the Qinghai Tibet Plateau weather forecast and climate change, and also provide a reference and demonstration of polar orbit meteorological satellite output 3D atmospheric temperature and humidity profiles of Qinghai Tibet Plateau.
